Background: Metabolic syndrome (MetS), a combination of coronary heart disease and diabetes mellitus risk factor, refer to one of the most challenging public health issues in worldwide. The aim of this study was to identify the subgroups of participants in a study on the basis of MetS components. Methods: The cross-sectional study took place in the districts related to Tehran University of Medical Sciences. The randomly selected sample consists of 415 subjects. All participants provided written informed consent. Latent class analysis was performed to achieve the study's objectives. Analyses were conducted by using proc LCA in SAS 9.2 software.
Introduction
Metabolic syndrome (MetS) is defined as the co-occurrence of three or more of the following features: increased waist circumference (WC), hypertension, dyslipidemia, and hyperglycemia (1) . These cluster of risk factors was first described as syndrome X by Reaven in the 1988 Banting lecture. MetS lead to an enhanced risk of cardiovascular diseases and type 2 diabetes mellitus, cancers, and increased risk of morbidity and mortality (2-4). MetS is a serious health problem worldwide (5) . The prevalence of MetS is expanding in worldwide. MetS prevalence in USA and Korea adult is estimated to be >25%, in another word currently one in five ad ults in these countries meet criteria for MetS (6, 7) . In northern Iran, the prevalence of MS is very high (36.5% in men and 47.1% in women) (8) .
Clinical guidelines consider the MetS as a categorical state that is either present or absent, but it is not clear whether this approach is valid either (9, 10) . Prior methods to identify underlying features of the MetS may not be usable to address the question of whether a condition that is present or absent explains the observed manifestations of the metabolic syndrome as defined using current criteria based on dichotomization of levels o blood pressure, lipid, glycemia, and central obesity (11).
The latent class analysis aims to classify similar individuals into groups, in which each latent class is viewed as consisting of homogeneous individuals with regards to the observed variables being studied (in our study, components of MetS), and the different. Latent classes are viewed as representing the unobserved heterogeneity among individuals in these observed variables (12). Considering the possibility that relationships among MetS components may meaningfully differ in subgroups of individuals, this person-centered analytic approach strives to identify quantitatively and qualitatively distinct profiles of individuals based on their presentation of MetS components.
Latent class analysis has been little used in medical research other than in the area of mental health. Based on the abovementioned background, the aim of this study was to (a) identify the subgroups of participants in a study on the basis of components of MetS and (b) document the prevalence of the subgroups.
Methods

Data
The present cross-sectional study was conducted from fall 2012 to winter 2013. The study was restricted to Iranian adults>20 years of age who referred to the Endocrinology Center of Tehran University of Medical Sciences. We used the following sampling method in this study: From each week we randomly selected three days and in these days all patients who had the inclusion criteria was entered into the study. The sample size was calculated according to the study conducted in Iran by Zabetian et al. (13) . In this study, the prevalence of MetS among Iranian above 20 years old, was reported as 33.2% by the ATPIII definition. All participants provided written informed consent.
Coronary artery disease, uncontrolled thyroid disorder, renal and hepatic failure, acute infection within the previous seven days, presence of any autoimmune disease, and any known malignancy, use of medications for dyslipidemia, hyperglycemia or hypertension, pregnancy, breast feeding, post-menopause, smoking, professional athlete, hypnotics, or having a special diet were considered as exclusion criteria (14) . The age ranged 20-55 years and provided written consent informed were as inclusion criteria.
Height and weight were measured, with the participants wearing light clothing and no shoes. WC measurements were performed between the lower rib margin and the iliac crest by a flexible tape measure after normal expiration. Body mass index (BMI) of each subject was calculated as body weight in kilograms divided by the square of the height in meters (kg/m2). Blood pressure measurement was taken twice separately over a 3-min interval. The average of two consecutive readings considered as blood pressure value.
Fasting blood samples were drawn after an overnight fasting for measurements of HDL-C, FBS, and TG. FBS was assayed by an automated glucose oxidase method. TG, HDL-C were measured by enzymatic methods using an auto analyzer.
Statistical Analysis
The LCA was used in data analysis. The LCA is a latent categorical variable's model, and it classifies homogeneous individuals. It assumes that besides the measurement error, whether the correlation between observed variables could be justified by latent variable categories. By various iterations for the number of identified classes of the latent variable and comparing the frequencies of the observed response patterns with the expected ones, the LCA determines the best model and calculates a statistics similar to χ2 called G2. Based on G2 statistic, Akaike information criterion (AIC) and Bayesian information criterion (BIC) can be calculated for model selection (15) . For all information criteria, a smaller value represents a more optimal balance of model fit and parsimony; thus, a model with the minimum AIC or BIC might be selected. When the degrees of freedom are large, the reference distribution for the G2 statistic is not known, so we do not report p-values for tests of model fit. For performing LCA, seven dichotomous observable variables (i.e., indicators) were used for subgrouping of MetS as a latent variable. These indicators were WC, HDL, Triglyceride, SBP, DBP and FBS.
Analyses were conducted by using proc LCA in SAS 9.2 software (SAS Institute Inc. Cary, NC, USA).
Results
The mean±SD age of the subjects was 44.9±11.81yrs (range: 22-76yrs). The prevalence of waist circumference (WC)>102 for men and 88 for women, high-density lipoprotein-C (HDL-c)< 45 for men and 55 for women, Triglyceride>150, systole blood pressure (SBP)>130, diastole blood pressure (DBP)>85, BMI>25 as well as the prevalence of fasting blood sugar (FBS)>100 by sex is shown in Table 1 . The data in Table 1 show that some of the MetS components are more normative than others. For example, it is not uncommon for subjects to having high WC. Also, the results show that except SBP and DBP, the prevalence of all MetS components is common in female than male.
With the seven dichotomous variables, 128 possible response patterns can exist. For selecting the best model the authors fit LCA models with classes ranging from 1 to 10 ( Table 2 ). The statistical indices like G2, AIC and BIC were computed for each class. Because of the relatively large number of observed variables measuring the latent variable and the number of response categories per variable, the degrees of freedom are fairly large in our study. When the degrees of freedom are large, the reference distribution for the G2 statistic is not known, so we do not report p-values for tests of model fit. Because of the large degrees of freedom, the AIC and BIC were relied on more heavily for model selection.
As can be seen in Table 2 and based on model selection indices and interpretability of the results of the model, we concluded that the four-class latent model was appropriate for this subjects. Table 3 presents a description of latent classes. The probabilities of membership in each latent class appear in the first section http://mjiri.iums.ac.ir of Table 3 . The second section of Table 3 , contain the conditional probabilities of a "Yes" response to MetS components. The probability of a "No" response can be calculated by subtracting the item-response probabilities from 1.These probabilities form the basis for interpretation and labeling of the latent classes. The larger conditional probabilities appear in bold font, to highlight the overall pattern. The first class, named "Non-MetS," described 38.4% of subjects, and was characterized by individuals exhibiting healthy MetS component status. The second class, named "low risk," described 18.6% of the individual, and was characterized by individuals exhibiting relatively healthy MetS components status with the exception of WC and BMI. The third class described 24.2% of the individual, and was characterized by individuals exhibiting clinically elevated levels of WC and BP. The fourth class described 18.7% of individual and was characterized by individuals exhibiting clinically elevated levels across most MetS components (With the exception of BP).
Discussion
The results of the study reported the prevalence of each component of MetS, namely, WC, HDL-c, Triglyceride, SBP, DBP, BMI and FBS. WC was a common component with the rate of prevalence of 66.0%, and HDL-c was uncommon with the prevalence rate of 14.2%. The results indicate that the prevalence of the components of MetSexcept SBP and DBP-were more common among females, compared to males. This finding in our study is similar to other studies from Iran and other countries (16, 17) . This is to author's knowledge the first attempt to using LCA to identifying the MetS components subgroups in Iran. Our results showed that one class (latent class four) was consistently associated with many MetS features. This class may represent a specific clinical state producing the observed features of the MetS.
Considering clustering of MetS components can be an effective approach in prevention programs. Some studies emphasized on the clustering and combining pattern of metabolic syndrome components (18). We examined this pattern differently by LCA and identified four latent classes. The four latent classes are the following: (a) non MetS, (b) low risk, (c) high risk, and (d) MetS. Clinicians believe that cardiovascular disease determinants tend to accumulate, and therefore the risk of developing these disease rises along with increases in their clustering abilities (19) (20) (21) .
Our results showed that Individuals in latent class four-MetS-were likely to engage in most MetS components. In contrast, those in Latent Class 1, non MetS, were likely not engaged in any of the MetS components. Latent class two indicates persons who have low risk of having MetS components. This group had a high probability of having two components of MetS, namely, WC and BMI. It seems this type of people is obese and has no other components of MetS. With consideration of this features, we named this group "Low risk." Latent class 3 indicates another pattern of MetS Note. The probability of a "No" response can be calculated by subtracting the item-response probabilities shown above from 1. *Item-response probabilities >.5 in bold to facilitate interpretation.
components. In this group, as can be in table 3, the probability of having high WC, high SBP, and high DPB is high. Probably these persons have a high risk of cardiovascular disease, but in this study, we could not assess this risk. In this group the probability of triglyceride, BMI and FBG are high also but for naming classes we used the larger conditional probabilities (>0.50) to highlight the overall pattern. Prior studies recognized that cardiovascular disease risk factors and determinants tend to cluster (19) (20) (21) . Thus the chance of this disease rises in line with increases in the mentioned determinants clustering ability. Our results show this clustering of MetS components in different patterns. This clustering of MetS components can be helpful in reinforcing the hypothesis that underlying pathophysiological mechanisms are involved in this process (18).
Moreover longitudinal studies have been showed that there are variations in the risk of mortality according to the different combination patterns of metabolic syndrome components (22, 23) . Our results indicated different combination pattern of MetS components. For example, we observed that in a combination of MetS components among individuals of latent class four, the blood pressure have no role. According to these patterns, probably the individuals of latent class three and four has a different chance of engaging in complications of metabolic syndrome.
Some studies declared that obesity has a fundamental role in the pathophysiological mechanism of metabolic syndrome (4, 24) . In our study, it could be seen that abdominal obesity has an important role in three latent classes of MetS. It should be noted that we couldn't assess pathophysiological mechanism of metabolic syndrome, but the co-occurrence of this components with other components shows the importance of abdominal obesity in combination patterns of MetS. These findings could be guided healthcare professionals.
The present work also has this limitation that due to the cross-sectional design of the study, causality could not be assessed. Also, we restricted the study to the patients who referred to the Endocrinology Center of Tehran University of Medical Sciences.
Conclusion
Our study represents the co-occurrence of MetS components by subgrouping a sample of Iranian population who referred to the Endocrinology Center of Tehran University of Medical Sciences into four classes. Results showed that notable percentages of subjects are in the high risk and MetS classes, which stresses the necessity of implementing preventive interventions for this stratum of the population.
